We investigate the systemic risk of the European sovereign and banking system during 2008-2013. We utilize a conditional measure of systemic risk that reflects market perceptions and can be intuitively interpreted as an entity's conditional joint probability of default, given the hypothetical default of other entities. The measure of systemic risk is applicable to high dimensions and not only incorporates individual default risk characteristics but also captures the underlying interdependent relations between sovereigns and banks in a multivariate setting. In empirical applications, our results reveal significant time variation in systemic risk spillover effects for the sovereign and banking system. We find that systemic risk is mainly driven by risk premiums coupled with a steady increase in physical default risk.
Introduction
One of the most critical issues in current debates is the looming possibility of a sovereign default in the euro area (EA). Regulators and policymakers fear that vulnerabilities in the peripheral European countries -namely, Greece, Ireland, Italy, Portugal, and Spain -could potentially spread to the rest of Europe. At the same time, European leaders are wrestling with the prospect of the failure of systemically important banks and its consequences on the European banking system. With the rise of the sovereign debt crisis, the interdependence between sovereigns and banks has greatly intensified, causing fears of negative feedback loops between the two systems.
Against this backdrop, the need to identify the level of systemic risk in a multivariate system consisting of both sovereigns and banks becomes increasingly apparent.
Although there is no universal definition of systemic risk, a recurring theme throughout the systemic risk literature is that true systemic events impact the entire system (Billio, Getmansky, Lo, & Pelizzon, 2012) . At its core, systemic risk is associated with the risk due to the interdependence between financial entities; systemic events do not necessarily have to stem from a causal origin. In this paper, we utilize the conditional joint probability of default proposed by Radev (2013) as our definition of systemic risk. We extend Radev's (2013) methodology to estimate the conditional joint probability of default in higher-order dimensions and assess the market perceptions of the effects of sovereign and bank default on the European sovereign and banking system. The measure of systemic risk we employ can be interpreted as an entity's conditional joint probability of default, given the (hypothetical) default of other entities within the system. The advantage of a conditional measure is that it captures not only an entity's individual default risk characteristics but also reflects the dynamics of its joint default risk due to its interdependence with other entities.
Our focus on the European sovereign and banking system is not coincidental but is motivated by their extensive interdependencies. Until recently, for many years, there had been no credit risk for sovereign debt in developed countries. Prior to the global financial crisis of 2007-2009, most European banking regulations focused on individual banks and the risk on their balance sheets. This form of regulation turned out to be flawed, since it ignores the systemic relation between the sovereign and banking systems. For example, Gerali, Neri, Sessa, and Signoretti (2010) show that the largest contribution to the contraction of EA economic activity in 2008 had been due to shocks originating from the banking sector. The onset of the sovereign debt crisis saw the relation between banks and sovereigns escalate to a new level. The Greek default in 2011
showed that there is credit risk in holding sovereign debt. Among the bailout packages were substantial write-offs of Greek debt in the books of private investors, most of which were held by banks. As the sovereign debt crisis evolved, European banks were confronted with liquidity dry-ups and stress in their capital positions. The European Banking Authority's (EBA) stress test results in 2011 revealed that banks in peripheral sovereigns were unlikely to weather negative shocks to the sovereign system, given their sovereign debt exposure. Overall, the combined effect of the vulnerability of certain sovereigns and the continued stress in the banking system meant that the financial conditions of banks and sovereigns had become increasingly intertwined.
The literature has proposed various measures of systemic risk (e.g., Acharya, Pedersen, Philippon, & Richardson, 2010; Adrian & Brunnermeier, 2011; Brownlees & Engle, 2012;  C. Chen, Iyengar, & Moallemi, 2013; Engle, Jondeau, & Rockinger, 2015; Hautsch, Schaumburg, & Schienle, 2015; Huang, Zhou, & Zhu, 2009; Puzanova & Düllmann, 2013) . Bisias, Flood, Lo, and Valavanis (2012) provide a comprehensive overview. The common theme among these studies is the estimation of the magnitude of losses conditional on the simultaneous distress of other institutions. While such measures may capture the systemic risk of entities in isolation, the situation becomes more problematic if one considers the interactions of these entities with the rest of the system. For example, during a sovereign debt crisis, the cost of debt refinancing in one EA sovereign can depend on the perceived developments in multiple other sovereigns. By using a probabilistic measure of systemic risk, we are able to provide answers to questions of what if? Specifically, we can investigate market perceptions regarding the conditional probability of default of sovereigns and/or banks given the default of other sovereigns and/or banks. Such an analysis allows inference, for example, on which sovereigns market participants consider to be more exposed to certain credit events than others are.
Our study is most closely related to several other recent studies that also utilize probabilistic measures to gauge the systemic risk of the EA. Radev (2013) uses the change in the conditional joint probability of default and documents an increase in systemic risk contributions due to interdependence in the EA during the European sovereign debt crisis. Lucas, Schwaab, and Zhang (2014) propose a dynamic skewed t-distribution to assess the likelihood of joint and conditional sovereign default from observed credit default swap (CDS) prices. Pianeti and Giacometti (2015) introduce a multivariate model based on bond and CDS data to estimate the joint probabilities of default of multiple sovereigns within the EA. Our study differs from the aforementioned studies since we focus on the systemic risk of higher dimensions. For example, Lucas et al. (2014) and Pianeti and Giacometti (2015) focus only on the systemic risk of the European sovereign system and estimate their systemic risk measures for samples consisting of 10 and 11 sovereigns, respectively. Our study examines the systemic risk of both the sovereign and banking systems by using a sample of 14 sovereigns and 40 banks. Although Radev's (2013) study also examines the systemic risk of the sovereign and banking systems, it is restricted by its estimation methodology that precludes the possibility of examining systemic risk in higher dimensions.
1 Our paper is also related to a recent study by Betz, Hautsch, Peltonen, and Schienle (2015) that extends the methodology of Hautsch et al. (2015) to examine systemic risk spillover between European sovereigns and banks in a high-dimensional system. The authors document time-varying systemic risk spillover between sovereigns and banks during the global financial crisis and the European sovereign debt crisis. Most notably, they find increased interdependence between sovereigns and banks during the European sovereign debt crisis.
Our main findings can be summarized as follows. Applying the measure of systemic risk to the sovereign system, we confirm the perceived importance of core sovereigns in maintaining the stability of the EA. We also show that peripheral sovereigns are perceived to be the least resilient to sovereign system default. Shifting our focus to the systemic impact of peripheral sovereigns, our results indicate that market participants perceive not only a large degree of systemic risk spillover within the peripheral sovereign system but also the potential for systemic risk to spill over from peripheral sovereigns to core sovereigns. Applying our measure of systemic risk in the European banking system reveals that, of the EA banks, French banks contributed the most to the systemic risk of the banking system during both the global financial crisis and the sovereign debt crisis. However, banks in the larger peripheral sovereigns, such as Italy and Spain, were also perceived by market participants to be systemically risky. Merging the sovereign and banking systems into a single multivariate system and using sovereigns as the default trigger, we show that the evolution of the conditional joint probability of default of the banking system coincides with major events throughout our sample period. Finally, we show that the systemic risk of the sovereign system is driven not only by the default risk premium and the sovereign risk premium, but also by the banking system's physical probabilities of default.
Methodology

Conditional joint probability of default
We begin by recalling the definition of the conditional joint probability of default (CoJPoD) introduced by Radev (2013) . Assume n entities (or institutions) in the system and let X 1 , X 2 , · · · , X n denote the random variables corresponding to the natural logarithm of assets of institution I 1 , I 2 , · · · , I n , respectively. An institution is in default if its logarithm of assets falls below a certain threshold, which we denote X I i d . The marginal probability of default is given by
where p(x 1 , x 2 , · · · , x n ) is the joint probability density function describing the n-dimensional system.
The above definition gives the theoretical probability of default of institution I i . However, since the underlying asset structure of an institution evolves stochastically throughout time, the default threshold will also change throughout time. Following Segoviano (2006) , we define the 2 For computational convenience, the default region is defined to be in the right tail of the density function.
fixed time average default threshold of institution I i as
where Φ −1 (·) denotes the standard inverse normal cumulative function and P oD I i is the time average empirical probability of default of institution I i , estimated by bootstrapping CDS spreads. Since the default threshold is fixed, we vary the underlying probability distribution throughout time so that each point in time is described by a unique density function.
Define the joint probability of default (JPoD) of n entities as
By construction, JP oD system is an unconditional measure, since it does not explicitly account for the negative spillover effects of default but, rather, reflects the system's fragility to default shocks.
The CoJPoD of the system given the default of institution I k is then
This expression shows that CoJP oD {system\I k }|I k is the default likelihood of the remaining institutions within the system given the default of a particular institution. It can be computed as the ratio of the system's joint probability of default to the marginal probability of default of a particular institution. We can interpret CoJP oD {system\I k }|I k as the contribution of institution I k 's default on the system's overall systemic risk.
The term CoJPoD is a measure of systemic risk due to interdependence rather than causality;
this is an ideal property to have when attempting to quantify systemic risk. For instance, the failure of a few entities may not be systemic, but the failure of a single highly interdependent entity can be. In other words, the default of a group of entities may not necessarily cause the rest of the system to default. However, if the default is a result of a common factor, then the rest of the system will be more likely to default due to the systemic nature of the initial shock.
Therefore, in the absence of causality, each individual entity's default risk should co-vary with the rest of the system's default risk due to the underlying interdependent relations between the entities. The CoJPoD measure captures this subtle aspect of systemic risk.
Estimating the marginal probability of default
The first ingredient of CoJPoD consists of deriving each entity's marginal probability of default.
We extract marginal probabilities of default from CDS spreads by applying the bootstrapping procedure outlined by Hull and White (2000) . There are four main advantages to using CDS spreads to estimate probabilities of default. First, estimation of PoD values from CDS spreads is not subject to the modelling of the distribution of asset values or the explicit estimation of asset correlations. Second, CDS spreads provide timelier market-based valuations, since CDS markets react to changes in default expectations in real time (Bruyckere, Gerhardt, Schepens, & Vennet, 2013) . Third, CDS spreads are forward looking, in the sense that they frequently anticipate rating changes and closely track future fiscal deficits. Finally, CDS spreads are less affected by liquidity and flight-to-safety issues when compared to Treasury bonds.
Since the bootstrapping procedure that we utilize is a standard method in financial practice, we only outline our choices in the implementation. The procedure requires three main inputs:
CDS maturities, discount rates, and recovery rates. We use daily CDS spreads with maturities of one to five years and daily AAA EA sovereign bond yields with maturities of three months to five years for the discount rates. As discussed below, the discount rates are treated as risk-free rates, since the bootstrapped probabilities of default are risk-neutral measures.
3 Following prior literature, we set a constant recovery rate of 40% (Sturzenegger & Zettelmeyer, 2008) . The bootstrapping procedure begins with an iterative process whereby we assume a constant hazard rate function and build a probability curve using the CDS contract with the shortest maturity (one year). From this, we extend the probability curve to the CDS contract with the next longest maturity (two years), again assuming a constant hazard rate function. We continue this process until we reach the CDS contract with the longest maturity (five years). At each step of the recursive process, we ensure that the no-arbitrage condition is satisfied by equating the premium leg with the payoff leg. 4 Consequently, because the recovered term structure of hazard rates is arbitrage free, we obtain risk-neutral probabilities of default. In other words, the probabilities of default not only reflect physical probabilities of default but also contain information on any associated risk premium components. We take full advantage of this property when examining the decomposition of CoJPoD. We annualize the PoD values to align with the one-year horizon of interest of policymakers.
3 The AAA EA sovereign bond yields are obtained from the European Central Bank's (ECB) index of AAA-rated sovereign bonds of the EA sovereigns. To ensure that the sovereign bond yields are appropriate proxies for risk-free rates, we verify that none of the reference entities of the sovereign CDS contracts are used in the construction of the index.
4 A CDS contract has two legs: a premium leg and a payoff leg. The former is the premium that buyers pay to insure themselves against possible defaults of the reference entity. The latter represents the payoff to buyers in the case in which the reference entity defaults. The payoff equals the difference between the face value of the reference entity and its recovered value. If the reference entity does not default over the maturity of the CDS contract, the payoff is zero.
Estimating the multivariate joint distribution
The bootstrapped PoD values represent individual default risk perceptions. We now extend Radev's (2013) estimation methodology to higher dimensions by implementing a procedure that transforms these marginal probabilities of default into joint probabilities of default by imposing a dynamic dependence structure between the system's individual entities. There are numerous approaches to modelling joint default risk (e.g., Avesani, Pascual, & Li, 2006; Bams & Wielhouwer, 2000; Cai, Einmahl, Haan, & Zhou, 2015; Lucas et al., 2014) . However, most involve the calibration of dependence structures that rely on the evolution of an institution's capital structure. In a true multivariate context consisting of banks and sovereigns, the value of sovereign assets is not directly observable. We use the consistent information multivariate density optimization (CIMDO) methodology introduced by Segoviano (2006) to estimate joint probabilities of default.
The CIMDO methodology recovers multivariate joint distributions without taking any stance on the observability of sovereign assets. The key improvements of the CIMDO procedure over traditional risk models is that it captures both linear and non-linear distress dependencies between entities in the system and allows for these to change throughout time, reflecting the fact that dependence differs during tranquil times and periods of distress. The underlying idea of the CIMDO approach is that any multivariate density that characterizes the stochastic behaviour of a group of random variables can be broken into two subsets of information: (1) the marginal distribution of each random variable and (2) the underlying dependence structure between random variables. To recover the latter, instead of assuming parametric distributions to fit available information, the CIMDO approach uses all available data to calibrate a non-parametric distribution. Such an approach minimizes the possibility of misspecification and ensures that the resulting distribution is always consistent with empirical data.
We begin by specifying a prior (or ex ante) joint density function, denoted q(x 1 , x 2 , · · · , x n ) ∈ R n , to describe the underlying dependence structure between the entities within the system. This prior distribution is then updated by inferring indirect and partial information from the bootstrapped PoD values, which produces a posterior (or ex post) distribution, denoted
This updating process involves adjusting the probability mass in the tails of the prior density function such that its tail probability is consistent with the marginal probabilities of default. This problem can be formulated by minimizing the functional
with respect to p, subject to the following moment consistency constraints:
d and zero otherwise, for i = 1, 2, · · · , n. The optimal solution is given by
where λ 1 , λ 2 , · · · , µ denote consistent estimators of the Lagrange multipliers for the n moment consistency constraints and the unity constraint, respectively.
We continue this iterative process by updating the prior density function on a daily basis. The resulting posterior density function exhibits fat tail properties and is dynamic by construction.
An important facet of this approach is that we do not have to explicitly specify what constitutes sovereign assets or liabilities when quantifying sovereign default risk. Since we effectively reverse-engineer the joint probability distribution describing the system, we simply rely on the bootstrapped probabilities of default to proxy for the system's underlying asset process. As a result, when equation (4) is used to compute conditional joint probabilities of default, each entity's marginal probability of default acts as a common denominator, allowing us to pool banks and sovereigns together to form a single multivariate system.
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As Segoviano (2006) shows, using a multivariate standard normal distribution as the prior distribution is sufficient to explain the behaviour in the default region of the posterior distribution.
Furthermore, the author demonstrates that the CIMDO methodology is highly robust to various prior distributions and employing more complex prior distributions such as the multivariate tdistribution or a mixture of normal distributions produces very similar tail regions in the posterior distribution. Thus, we choose the multivariate normal distribution as the prior distribution. In contrast to Segoviano (2006) , we utilize a dynamic variance-covariance matrix by estimating a unique variance-covariance matrix at each point in time using the one-year rolling period correlation coefficients between the daily changes in the five-year CDS spreads of sovereign and 5 Note that we do not include the positivity constraint, p(x1, x2, · · · , xn) ≥ 0, since we explicitly assume the prior is a non-negative function. 6 We pool banks and sovereigns together based on their marginal probabilities of default and not based on their CDS spreads. Indeed, treating banks and sovereign equally based on their CDS spreads is counterintuitive, since their reference entities are two different types of economic entities, public and private. However, the unique setup of the CIMDO procedure allows us to form one multivariate system consisting of both banks and sovereigns. To see this, assume that the system's joint probability distribution is unknown but each entity's marginal probability of default is known. To recover the underlying joint probability distribution of the system, the CIMDO procedure pools together each entity's marginal probability of default and utilizes the CIMDO copula to derive the underlying dependence structure of the system, which is consistent with the marginal probabilities of default. As a result, allowing banks and sovereigns to appear simultaneously in equation (4) based on marginal probabilities of default is not problematic.
bank CDS contracts.
7 The reason for using a dynamic variance-covariance matrix is because, at a given point in time, the CoJPoD should only reflect information that is available at that time.
We use a correlation structure based on risk, that is, CDS spreads, rather than one based on asset value, because the CIMDO procedure uses the marginal probabilities of default to proxy for the underlying asset process of the system, which then automatically updates the CIMDO copula whenever there are changes in individual probabilities of default. Therefore, the correct correlation structure to use when solving for the unknown posterior distribution is one that is based on risk rather than on asset value.
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To solve for the posterior distribution, Radev (2013) numerically solves the optimization problem in equation (5). While this numerical optimization procedure works well for lower dimensions, it suffers from the curse of dimensionality once there are more entities in the system. Our study requires CoJPoD to be estimated for systems containing up to 54 entities consisting of both sovereigns and banks. Thus, to estimate CoJPoD in higher dimensions, we utilize the generalized cross-entropy (GCE) method (Botev & Kroese, 2011) to solve for the posterior distribution. We show that consistent estimators for the Lagrange multipliers required in equation (6) can be obtained by numerically solving the following set of non-linear equations (see Appendix A for details):
for j = 0, 1, · · · , n, where {X k } n k=1 ∼ q, χ 0 (·) = 1, and P oD I 0 = 1.
Since the posterior distribution is updated daily, this implies that CoJPoD is also updated daily. Therefore, CoJPoD is neither an ex ante nor an ex post measure of systemic risk but, rather, a contemporaneous measure. As mentioned by Bisias et al. (2012) , measuring systemic risk is not simply a matter of obtaining early warning signals for impending dangers; crisis response is also an important role for policymakers who are charged with systemic risk monitoring.
Thus, the usefulness of CoJPoD lies in its ability to help monitor the ongoing state of the system and the identification of failing institutions and markets. Furthermore, since CoJPoD can be updated on a daily basis, it can provide valuable real-time signals of fragility in an emerging crisis.
Decomposition of the conditional joint probability of default
The variable CoJPoD is a risk-neutral measure of systemic risk because its input, PoD, is derived from an arbitrage-free model. Hence, we can decompose the systemic risk into physical (or objective) probabilities of default and risk premium components. Exploring these two elements simultaneously allows us to determine which component of CoJPoD is the dominating factor throughout our sample period. Kim, Loretan, and Remolona (2010) purport that, during periods of high volatility, the risk premium components tend to dominate CDS spreads. Given that CDS spreads are the main ingredient for constructing CoJPoD, our aim is to investigate how much of the variation in CoJPoD is determined by changes in the pure credit quality of institutions and how much is induced by market risk perceptions.
We use the distance to default (DTD) metric to proxy for physical probabilities of default.
In a banking context, the DTD measures how far away an institution is from default in units of standard deviation. A large DTD value implies that the institution is far from default and is deemed to have a low physical probability of default. We obtain data on the DTD from the website of the Risk Management Institute at the National University of Singapore. 9 We use the DTD to proxy for physical default probabilities, since this metric is based solely on an institution's balance sheet items and therefore represents its pure credit quality.
Following Black, Correa, Huang, and Zhou (2013), we examine three prevalent risk premiums.
First, we proxy for the default risk premium by computing the daily difference between the yields of 10-year euro zone industrials rated BBB and those rated AA+/AA (L. Chen, Collin-Dufresne, & Goldstein, 2009 ). Second, we proxy for the liquidity risk premium by using the daily threemonth euro LIBOR/OIS (or EURIBOR/EONIA) spread (Brunnermeier, Crockett, Goodhart, Persaud, & Shin, 2009 ). Third, we proxy for the sovereign risk premium by computing the daily difference between Germany's 10-year generic yield and the average of the Spanish and Italian 10-year generic yields weighted by their quarterly real gross domestic products (GDPs). An important caveat is that EA governments and other international bodies often provide bailout packages and guarantees for the European banking system; consequently, senior CDS spreads will be adjusted downwards. Therefore, in our subsequent empirical analyses, marginal contributions from physical probabilities of default and risk premiums should be interpreted as lower bounds in the case of no government support.
Data
In July 2011, the EBA released the results of their stress tests for a broad range of 90 European banks from various countries around Europe, including Austria, Belgium, Denmark, France, Germany, Greece, Ireland, Italy, Norway, the Netherlands, Portugal, Spain, Sweden, and the United Kingdom. This group of banks and sovereigns forms the starting point of our sample.
We select banks and sovereigns based on liquidity criteria to ensure that CDS spreads reflect meaningful information on bank and sovereign credit risk. Specifically, each bank and sovereign must have informative CDS contracts for maturities of one to five years for the period 1 January 2008 to 31 December 2013. A CDS contract is informative during a certain quarter if at least 70% of its spread changes are non-zero during the quarter. We do not include banks or sovereigns that have non-informative CDS contracts. Our sovereign sample consists of all 14 sovereigns used in the EBA stress test, which can be decomposed as follows. We include 10 EA sovereigns, five of which are peripheral sovereigns (Greece, Ireland, Italy, Portugal, and Spain) and the remaining are core sovereigns (Austria, Belgium, France, Germany, and the Netherlands). We also include three European Union (EU) sovereigns (Denmark, Sweden, and the United Kingdom), since their economies play a big role in the stability of the EA. Finally, we include Norway, which is part of neither the EA nor the EU but is closely associated with the EU through its membership in the European Economic Area. Our bank sample consists of 40 banks out of the 90 used in the EBA stress test. We include banks with informative CDS contracts from all 14 sovereigns, with the exception of Norway, which does not have any banks with informative CDS contracts. In addition, we include banks from Switzerland but do not use Switzerland in our sovereign sample since its sovereign CDS contract is not informative enough for the majority of our sample period. Table 1 gives an overview of the banks and sovereigns used in our study. Following prior literature, we use USD-denominated CDS contracts for sovereigns, since they are considerably more liquid than their EUR-denominated counterparts (e.g., Lucas et al., 2014; Radev, 2013) .
With regards to our bootstrapping procedure, we proxy for discount rates by using the daily AAA EA government bond yields with maturities of three months to five years, obtained from the ECB's Statistical Data Warehouse. As part of the CIMDO procedure, we proxy for the sovereign correlation matrix by calculating a unique variance-covariance matrix at each point in time using the one-year rolling period correlation coefficients between the daily changes in the five-year CDS spreads of the sovereigns in our sample. The correlation structure of the banking system and the combined sovereign and banking system is calculated similarly. We choose a maturity of five years, since these CDS contracts are the most liquid and most actively traded contracts on the market. We summarize the information contained in the dynamic variance-covariance matrices for sovereigns by presenting the sample average sovereign correlation matrix in Table 2 .
For the decomposition of systemic risk, the data used to construct the default risk premium, the liquidity risk premium, and the sovereign risk premium are all obtained from Bloomberg.
Empirical results
Our empirical analyses are organized as follows. First, we apply the methodology outlined in Section 2 to estimate the perceived level of systemic risk in the European sovereign system. We then investigate the systemic risk within the peripheral sovereigns and the systemic impact of peripheral sovereigns on the core sovereigns. Next, we explore the systemic risk of the European banking system and attempt to uncover the most systemically risky banks as perceived by market participants. We then combine the sovereign and banking systems and examine the systemic risk in this multivariate system on dates of major events. Lastly, we study the decomposition of systemic risk into physical probabilities of default and risk premium components.
Systemic risk in the European sovereign system
We begin by investigating the two key ingredients of the CoJPoD measure, PoD and JPoD. as Germany and the Netherlands were highly unlikely to default throughout the entire sample period. Similarly, non-EA sovereigns such as Norway, Sweden, and the United Kingdom were largely unaffected by the sovereign debt crisis. In panel (d), we see that the joint probability of default of the sovereign system was at its peak during the sovereign debt crisis. Taken together, our results imply that the divergence in market expectations around individual sovereign defaults may not only be due to the inability of individual sovereigns to service their debts, but also be about the potential of the EA as a whole to support its members in need.
Figure 2 presents the conditional joint probability of default of the sovereign system given the default of each sovereign in our sample. The sovereign that defaults is indicated in the legend of each panel. Comparison of panels (a) and (b) during the sovereign debt crisis illustrates the disparity between the perceived systemic risk of core sovereigns defaulting and that of peripheral sovereigns defaulting. For example, in November 2011, the CoJPoD value of the sovereign system reached 47% given the default of Germany, whereas the default of the larger peripheral sovereigns, such as Italy and Spain, produced CoJPoD values of only 30%. This finding implies that market participants perceive core sovereigns to be the safest sovereigns, whose defaults have severe consequences on the sovereign system. In contrast, the default of peripheral sovereigns is perceived to be less influential on the sovereign system, which reflects the lower investor confidence in peripheral sovereigns. Panel (c) shows that non-EA sovereigns are critical in maintaining the stability of the EA. Evidently, during the sovereign debt crisis, the stable AAA ratings of Denmark and Sweden attracted many investors who were seeking to diversify away credit risk from the troubled peripheral sovereigns. In addition, the public debt loads of Sweden and Denmark were far below the EA average. Thus, market participants perceived non-EA sovereign defaults as negative credit events with significant systemic risk spillover to the entire sovereign system. Although these results confirm macroeconomic intuition, the benefit of our approach is that we are able to quantify probabilistically the perceived level of systemic risk given a sovereign default.
We now interchange the order of conditioning and calculate the conditional joint probability of default of a particular sovereign given the default of the sovereign system excluding that sovereign. This process will reveal the resilience of each sovereign to system-wide sovereign defaults. Figure 3 This finding is not surprising, given that Germany is one of the largest contributors to the bailout packages provided to fiscally weak peripheral sovereigns such as Greece. Among the non-EA sovereigns in panel (c) of Figure 3 , we observe that Sweden and Norway are two of the most resilient to systemic default risk. This is expected, because neither sovereign is part of the EA and investors perceived the government bond markets of both sovereigns to be safe havens during the sovereign debt crisis.
Systemic impact of peripheral sovereigns
In the preceding section, we show that the peripheral sovereigns were the least resilient to systemic default risk. Recent literature provides evidence that peripheral sovereigns are the main source of instability in the EA (e.g., Aizenman, Hutchison, & Jinjarak, 2013; Arghyrou & Kontonikas, 2012; Beirne & Fratzscher, 2013; Black et al., 2013; De Santis, 2012; Gorea & Radev, 2014) . Given the interdependence between peripheral and core sovereigns, we now focus on the systemic risk within the peripheral sovereigns and potential systemic risk spillover between the peripheral and core sovereigns.
Within the peripheral sovereign system, we are especially concerned with the perceived systemic risk spillover between the smaller sovereigns (Greece, Ireland, and Portugal) and the larger economies (Italy and Spain). Figure 4 presents the conditional joint probability of default of each peripheral sovereign given the default of other peripherals listed in the legend of each panel. In panel (a), we see that, within the peripheral sovereign system, Greece's fiscal stability is perceived to be largely dependent on that of Ireland and Portugal, especially towards the end of our sample period, when the CoJPoD value of Greece given the joint default of Ireland and Portugal reached 77%. In panels (b) and (d), we observe the perceived importance of the larger peripheral sovereigns (Italy and Spain) in maintaining the stability of Ireland and Portugal during the height of the sovereign debt crisis. Panels (c) and (e) show that Italy and Spain are highly interdependent sovereigns. Specifically, the CoJPoD value of Italy (Spain) given the default of Spain (Italy) is consistently greater than that given the joint default of Greece, Ireland, Portugal, and Spain (Italy). 10 The results in Figure 4 not only emphasize the potential systemic risk spillover effects between peripheral sovereigns but also reinforce the perceived stabilization role that the large peripheral sovereigns Italy and Spain play in the peripheral sovereign system.
We now investigate potential systemic risk spillover effects between the peripheral sovereigns and the rest of the sovereign system. Figure 5 presents the conditional joint probability of default of the rest of the sovereign system given the joint default of two, three, four, and all five peripheral sovereigns, respectively. Across all panels, we see that different combinations of 
Systemic risk in the European banking system
We now shift our attention to the systemic risk of the European banking system. We first examine the systemic risk contributions of banks at the country level and then at the individual bank level. Figure 6 presents the conditional joint probability of default of the banking system given the joint default of all banks in each sovereign listed in the legend of each panel. In panel We now investigate the systemic risk contribution of banks at the individual bank level. during the sovereign debt crisis for the panels in Figure 6 ; and (v) 19 December 2013, the date of the lowest CoJPoD value at the end of our sample period for the panels in Figure 6 . As a measure of bank size during the sovereign debt crisis, the last two columns present the total assets and total liabilities in 2011 of each bank in billions of euros.
The most immediate observation is that the biggest contributors to the systemic risk of the banking system often coincide with the biggest banks originating from the sovereign. For example, the CoJPoD of the banking system given the default of the biggest bank in Spain, Figure 6 shows that the joint default of French banks contributed the most to the systemic risk during the global financial crisis and the sovereign debt crisis, Table 3 
Systemic risk in the combined European sovereign and banking system
Up until now, our focus has been on the sovereign system and banking system in isolation. We now consider sovereigns and banks as entities of an entire system and examine the evolution of systemic risk in this multivariate system. We choose sovereigns to be the trigger of default and examine their systemic impact on the banking system. Figure 7 presents the time-varying dynamics of the CoJPoD of the banking system given the default of a core sovereign (Germany), a peripheral sovereign (Italy), and a non-EA sovereign (United Kingdom).
The systemic risk was lowest at the beginning of our sample period (panel (a) of 
Decomposition of systemic risk
As mentioned in Section 2.4, CoJPoD is a risk-neutral measure of systemic risk that incorporates information not only on physical default risk but also on risk premium components such as the liquidity risk premium, the default risk premium, and the sovereign risk premium. Our aim is to decompose the systemic risk of the combined sovereign and banking system and determine how much of its movement is induced by changes in the physical default loss of banks and how much is steered by changes in market sentiments (change in perceptions towards liquidity risk, default risk, and sovereign risk). To achieve this, we use the conditional joint probability of default of the sovereign system given the joint default of all banks within a particular sovereign as our measure of systemic risk. We choose banks to be the trigger of default because the DTD is a measure of physical default risk for banks only. Thus, by conditioning on the default of banks, we allow the systemic risk of the sovereign system to be influenced by the physical probabilities of default of banks.
In Figure 8 , panels (a), (c), and (e) present the conditional joint probability of default of the sovereign system, given the joint default of all banks in each sovereign (listed in the legend of each panel) in the core, peripheral, and non-EA sovereign systems, respectively. Panels (b), during the height of the sovereign debt crisis in 2011, the average CoJPoD value corresponding to the joint default of banks in peripheral sovereigns increased by 8.91%, whereas that of core sovereigns increased by only 6.22%. These results indicate that, during the sovereign debt crisis, market participants perceived the systemic linkages between sovereigns and banks to be stronger for peripheral sovereigns than for core sovereigns. Similarly, Betz et al. (2015) show that sovereign-bank linkages for crisis countries (i.e., Ireland, Italy, Portugal, and Spain) were lower than those of non-crisis countries during the global financial crisis. However, the strength of sovereign-bank linkages for crisis countries increased with the progression of the sovereign debt crisis.
In panels (b), (d) and (f) of Figure 8 , we see that, from the beginning of our sample to 10 March 2009 (the first major peak in the CoJPoD series during the global financial crisis), CoJPoD and the DTD are moving in opposite directions. Since a lower DTD means that a bank is closer to default, this negative relation between the two series implies that increases in the systemic risk of the sovereign system were mostly a result of the increased physical default risk of banks during the global financial crisis. Since the beginning of the sovereign debt crisis, CoJPoD and the DTD maintain a very strong negative relation in peripheral sovereigns such as Italy, Portugal, and Spain. In contrast, CoJPoD and the DTD share a positive relation in core sovereigns such as Austria, France, and Germany and in non-EA sovereigns such as Denmark, Sweden, Switzerland, and the United Kingdom. These results suggest that the physical stress placed on banks in peripheral sovereigns is the main contributor to the systemic risk of the sovereign system. Indeed, the sovereign debt crisis is a crisis of European origin; thus, the pure credit quality of banks in peripheral sovereigns is likely to be of much greater importance, given their large exposures to sovereign debt. Furthermore, deterioration of the real economy placed immense pressure on the European banking system, generating substantial downward revisions in the credit quality of banks in peripheral sovereigns. On the other hand, the physical condition of banks in non-peripheral sovereigns has been improving, as indicated by increasing values of DTD. Therefore, for banks in non-peripheral sovereigns, systemic risk is primarily driven by risk premiums.
We now take the analysis a step further and use regression analysis to examine the impact of physical default risk and risk premium components on the systemic risk of the sovereign system. The dependent variable in our panel regression is the conditional joint probability of default of the sovereign system given the joint default of all banks in a particular sovereign (denoted CoJPoD for short). We include three state variables to control for common risk factors. To control for market-wide credit risk, we include the European iTraxx index (Itraxx ), which is an equally weighted index of the 125 most liquid CDS series in the European market. A higher iTraxx index value signals a higher overall credit risk in the economy; therefore, we expect a positive relation between the iTraxx index and CoJPoD. The second variable we include is the 24-month Vstoxx volatility index (Vstoxx ). The Vstoxx index reflects the market perceptions of short-term volatility in Europe; therefore, increases in the Vstoxx index signify uncertainty regarding the strength of economic fundamentals of European sovereigns. We predict a positive relation between the Vstoxx index and CoJPoD. Lastly, we include the Europe Datastream Market Index (Market) to control for market-wide business climate. We predict that improving economic prospects, signalled by increases in the market index, should decrease CoJPoD. All three variables are obtained from Datastream. Our main variables include the liquidity risk premium (LRP ), the default risk premium (DRP ), the sovereign risk premium (SRP ), and the DTD (DTD). The specification can thus be written as follows:
where Risk P remium t is the vector of risk premium variables, DT D i,t is the average DTD of all banks in sovereign i, and X t is the vector of control variables. In unreported tests, we find that most of our variables are non-stationary, which will yield spurious results when we run the regression in levels. To deal with this problem, we convert all variables into arithmetic returns.
We run the regression using monthly observations from 1 January 2008 to 28 June 2013, since this is the frequency and period for which we have available DTD data. Table 4 presents the results of the panel regression. Columns (1) to (3) include the risk premium variables individually, while column (4) includes the DTD individually. Column (5) uses all variables. Columns (6) and (7) use banks from peripheral and non-peripheral sovereigns, respectively. All columns employ sovereign fixed effects. We note that all three state variables have the expected signs and are significant across all columns. This result shows that the three state variables are successful in capturing sources of commonality and so we can be confident that the loadings on the risk premium variables and the DTD reflect the decomposition of systemic risk over and above what can be explained by fundamental factors. In columns (2) and (3), the coefficients of the default risk premium and the sovereign risk premium are both positive and highly significant, indicating that changes in market risk perceptions play an important role in driving the variation in the systemic risk of the sovereign system. Surprisingly, the coefficient of the liquidity risk premium is negative (column (1)), although marginally significant. The DTD has the expected negative coefficient (column (4)); however, its weak significance indicates that the effect of physical probabilities of default on the systemic risk of the full sample of sovereigns is not so clear-cut.
The multivariate joint regression in column (5) of Table 4 further reinforces the importance of risk premium components in driving up systemic risk as the coefficients of the default risk premium and sovereign risk premium continue to be positive and highly significant. Unexpectedly, the loading on the liquidity risk premium remains negative and actually increases in significance.
One possible explanation for this result is the implementation of policies that were aimed at injecting liquidity into the banking system and relieving the financing troubles of European banks, for example, the Federal Reserve's dollar liquidity swap with the ECB in November 2011 and the ECB's long-term refinancing operations in December 2011. During the sovereign debt crisis, these interventions were not just a one-time occurrence; rather, market interventions became the new normal. Thus, in this self-validating cycle of rescue packages, liquidity dry-ups could be a signal of market intervention that subsequently decreases the systemic risk. Finally, the DTD is still negatively related to the systemic risk of the sovereign system; however, it is only significant at the 10% level, suggesting that physical default risk has confounding effects on banks in peripheral and non-peripheral sovereigns. Consistent with the observation in Figure 8 that the negative association between the DTD and the CoJPoD is stronger for banks in peripheral sovereigns, when we restrict our sample of banks to only those in the peripheral sovereigns, the coefficient of the DTD variable increases in significance while the sovereign risk premium decreases in significance (column (6)). This result supports the notion that physical probabilities of default play a larger role in determining the level of systemic risk for banks in peripheral sovereigns. In contrast, Figure 8 also appears to suggest that it is mainly the risk premium components that induce increases in systemic risk for banks in non-peripheral sovereigns. We can confirm this observation, since column (7) shows that when we restrict our sample of banks to those in non-peripheral sovereigns, the DTD variable becomes insignificant while the sovereign risk premium increases in significance.
Robustness tests
In this section, we show that our main findings are robust to using alternative model estimations all CoJPoD series increased compared to that in Figure 4 , consistent with the interpretation that, after the removal of Greece, the systemic default risk within the peripheral sovereign system has increased. Examining Table 2 shows that Greece is the least interdependent sovereign within the peripheral sovereign system, since the average correlation between Greece and the other peripheral sovereigns-Ireland, Italy, Portugal, and Spain-is considerably lower than the correlation between the other peripheral sovereigns themselves. Consequently, the exclusion of Greece increases the CoJPoD value of the remaining peripheral sovereigns since they are more interdependent with each other. However, after March 2012, there is a decrease in all of the CoJPoD series, since Greece's default has been removed from the peripheral sovereign system.
Next, we re-examine the systemic impact of peripheral sovereigns on the entire sovereign system by removing Ireland from the analysis conducted in Figure and the rest of the sovereign system. Since we are mainly concerned with the joint default of multiple peripheral sovereigns, Figure 11 presents the conditional joint probability of default of the sovereign system given the joint default of three or four peripheral sovereigns, excluding
Ireland. Compared with panel (c) of Figure 5 , both panels in Figure 11 show that, when Ireland is removed, the CoJPoD value of the remaining sovereigns decreases, most notably after November 2012. This result is expected, since, of all the peripheral sovereigns, market participants had the most confidence in Ireland, given its rapid recovery during this period. Thus, if Ireland were to default, it would trigger systemic shocks to the other peripheral sovereigns, increasing the CoJPoD of the sovereign system. Naturally, Ireland's removal from the peripheral sovereign system means that investors do not have to consider this possibility, which leads to a lower value of CoJPoD.
To provide evidence that our main results are not driven by our choice of estimation methodology, we use the MES to re-evaluate the systemic risk in the European banking system previously examined in Figure 6 . Following Acharya, Engle, and Richardson (2012) , a bank's MES can be interpreted as reflecting its contribution to the banking system's overall systemic risk. The reasons for our choice in using the MES as a comparable measure of systemic risk are threefold. First, the MES is a popular and readily available measure of systemic risk used in the banking sector, a setting in which the CoJPoD is also applicable. Second, it has been shown that MES is successful in tracking episodes of financial turmoil, which makes it a real-time indicator, just like CoJPoD, when monitoring the systemic risk of the European banking system (Idier, Lamé, & Mésonnier, 2014) . Third, Drehmann and Tarashev (2011) show that the MES can be used to gauge future probabilities of default, which is one of the key components of CoJPoD.
We follow the econometric methodology developed by Brownlees and Engle (2012) to estimate the dynamic MES on a monthly basis. 12 A high MES value indicates a greater contribution to the banking system's overall systemic risk. We now revisit the decomposition of systemic risk by using alternative regression specifications.
First, we consider the scenario in which the global list of systemically important banks (GSIB) is removed from our sample. Since the impact of banks' physical default risk is concerned with the proper estimation of their individual role in the banking system, removing the banks in the GSIB from our sample can shed light on whether our results are driven by the most systemically risky banks. Second, we use an alternative measure of physical default risk by replacing the DTD with the SRISK measure introduced by Brownlees and Engle (2012) . The SRISK measure can be interpreted as the expected capital shortage of a firm during a crisis and it is a function of firm leverage and MES. 13 Third, we introduce two crisis dummies, one for the global financial crisis and one for the sovereign debt crisis, to account for the presence of instabilities not captured by the main variables or the control variables. The two sets of dummy variables are also interacted with the risk premium variables and the DTD to examine whether their contribution changes between the two crisis periods. Table 5 presents the results of the alternative specifications for the decomposition of systemic risk.
Columns (1) to (3) of Table 5 presents the regression results with the exclusion of the GSIB.
When using the full sample of banks, the coefficients of the risk premium variables are consistent with those in column (5) of Table 4 . However, the DTD becomes insignificant, implying that the credit quality of the GSIB banks contributes to a degree to the banking system's systemic 12 Brownlees and Engle (2012) propose a multi-step modelling approach based on GARCH, dynamic conditional correlations, and non-parametric tail estimators. In our analysis, we use a loss threshold of -2% and a bandwidth parameter of 5%.
13 As for the MES, we follow the dynamic modelling procedure of Brownlees and Engle's (2012) to estimate SRISK. (2) and (3) show that physical default risk is an important driver of systemic risk in the peripheral sovereign system but has no significant role in the non-peripheral sovereign system, which is in line with the sovereign subsample results in Table 4 . Using SRISK in place of the DTD in columns (4) to (6) yields similar results. Since a higher value of SRISK is associated with greater capital shortages in the event of a crisis, the significantly positive coefficient of the SRISK variable in column (5) shows that deterioration in the physical condition of banks in peripheral sovereigns is an important determinant of systemic risk in the peripheral sovereign system.
risk. Columns
Columns (7) and (8) of Table 5 show that, when crisis dummies are included, the systemic risk contribution of the risk premium components changes between the global financial crisis and the sovereign debt crisis. For instance, the significantly positive coefficient of the DRP × GFC dummy interaction across the two subsamples show that the default risk premium was the main determinant of systemic risk during the global financial crisis. In contrast, the sovereign risk premium was the dominant factor in driving systemic risk during the sovereign debt crisis, as shown by the significantly positive coefficient of the SRP × GFC dummy interaction. This result is consistent with the fact that the European sovereign debt crisis was characterized by an environment of overly high government deficits and accelerating sovereign debt levels.
Thus, market perceptions related to sovereign credit risk differentials were responsible in driving systemic risk. Finally, the significantly negative coefficient of the DTD in column (7) emphasizes the systemic importance of physical default risk in the peripheral sovereign system.
Conclusion
This paper uses the conditional joint probability of default introduced by Radev (2013) to study the systemic risk of the European sovereign and banking system during the global financial crisis and the sovereign debt crisis. Although there is a significant amount of literature on sovereign and bank credit risk in isolation, there has been relatively little work in attempting to estimate the perceived level of systemic risk between the two. This paper contributes to the topic by incorporating individual default risk characteristics combined with joint default risk dynamics to estimate a probabilistic measure of systemic risk that is applicable in high dimensions. In addition, we fully exploit the conditional flexibility in the systemic risk measure by first investigating the levels of systemic risk in the sovereign and banking systems separately and then in the combined sovereign and banking system.
In our empirical applications, we compute a range of conditional probabilities for both the European sovereign and banking systems. The results indicate that significant time variations in systemic risk and major events during the global financial crisis and the European sovereign debt crisis had a strong impact on the perceived conditional default risk of the sovereign and banking system. We also condition on the default of banks and examine the decomposition of the systemic risk of the sovereign system. Our results show that the default risk premium and the sovereign risk premium played a major role in driving the variation in systemic risk.
In addition, we show that the physical probability of default is also a significant component of systemic risk, especially for banks in peripheral sovereigns.
Appendix A. The GCE method
To dynamically update the posterior distribution, we need to solve for the Lagrange multipliers in equation (6) on a daily basis. We provide a solution to solve for consistent estimators of the Lagrange multipliers by using the GCE method. Under the cross-entropy postulate, we minimize the Csiszár measure of cross-entropy between the prior q and the posterior p as follows:
where
tionally, ψ is a function such that ψ : R + → R is a continuous twice-differentiable function, ψ(1) = 0, and ψ (x) > 0 ∀ x ∈ R + . The minimization in equation (9) is subject to the generalized moment constraint set, Ω:
where K i is a set of suitably chosen functions and κ i is some estimated quantity that describes the behaviour of the system.
The convexity assumption on ψ allows us to invoke the theory of duality and, in particular, the strong duality theorem (e.g., Borwein & Lewis, 1991; Decarreau, Hilhorst, Lemarechal, & Navaza, 1992) . We define the primal problem as
The corresponding Lagrangian is
where λ = [λ 1 , λ 2 , · · · , λ n ] T and λ 0 denotes the set of positive Lagrange multipliers for Ω.
Under the strong duality theorem, we obtain the following equivalence:
The equivalent dual problem is
Under the convexity assumption, the function ψ (x) has a unique inverse over the positive reals. Thus,
Substituting equation (14) into equation (11) and defining Ψ (x) = ψ −1 (x) yields the simplest form of the dual problem:
The gradient of L * with respect to λ j is defined as
Consistent estimators for λ, λ 0 , can be obtained by solving ∇ λ,λ 0 L * = 0:
. . .
Generally, we can rarely calculate the expectations in the above system of equations analytically; thus, in practice, we numerically solve their stochastic counterparts:
The solution to this set of equations provides a set of consistent estimators for the Lagrange multipliers λ = [ λ 1 , λ 2 , · · · , λ n ] T and λ 0 .
To apply the GCE in the CIMDO framework, we first define ψ(x) = x ln(x) so that ψ (x) = ln(x) + 1 and ψ −1 (x) = Ψ (x) = Ψ(x) = exp(x − 1). Under this measure, the Csiszár cross-entropy distance is defined as
where x ∈ ζ ⊂ R n , p(x) ∈ R n is the posterior distribution, and q(x) ∈ R n is the prior distribution.
Our constraint set Ω is the set E p [K i (X)] = κ i for i = 0, 1, · · · , n, where κ 0 = 1 and
, where χ i (x) is an indicator function that takes on the value of unity if x i satisfies some condition and zero otherwise. Therefore, our constraint set becomes
The primal problem is defined as
The solution to the primal problem using equation (14) is given by
To see the equivalence between equation (21) and the CIMDO posterior distribution given by equation (6), we define the Lagrange multipliers as inherently negative and denote λ 0 as µ, yielding the following equivalent expression:
We use equation (15) to solve for the Lagrange multipliers
where P oD I 0 = 1 and χ 0 (·) = 1.
To maximize equation (23), we solve the following system of equations:
for j = 1, 2, · · · , n. We numerically solve the above system of equations using equation (20), thereby obtaining a set of consistent estimators for the Lagrange multipliers µ, λ 1 , · · · , λ n . Notes: This table presents the conditional joint probability of default of the banking system given the default of each bank in the first column. We also report the home country of each bank in the second column. The third to seventh columns give the values of the conditional joint probability of default on five specific dates. The eighth and ninth columns give the total assets and total liabilities, respectively, of each bank in 2011, in billions of euros. Notes: This table presents the decomposition of systemic risk according to the panel regression specification in equation (8). The dependent variable for all seven columns is the conditional joint probability of default of the sovereign system given the joint default of all banks in a particular sovereign. The variable LRP is the liquidity risk premium calculated by using the daily three-month euro LIBOR-OIS (or EURIBOR-EONIA) spread; DRP is the default risk premium calculated by using the daily difference between the yields of 10-year euro zone industrials rated BBB and those rated AA+/AA; SRP is the sovereign risk premium calculated by using the daily difference between Germany's 10-year generic yield with the average of the Spanish and Italian 10-year generic yields weighted by their quarterly real GDPs; DTD is the average DTD of all banks within a particular sovereign; Itraxx is the European iTraxx index; Market is the EU stock market index; and Vstoxx is the Vstoxx volatility index. Columns (1) to (5) use the full sample of 40 banks from 14 sovereigns. Columns (6) and (7) use banks from peripheral and non-peripheral sovereigns, respectively. The sample period consists of monthly observations from 1 January 2008 to 28 June 2013. All columns use sovereign fixed effects; t-statistics are shown in parentheses; and the superscripts *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively. Notes: This table presents alternative specifications for the decomposition of systemic risk. The dependent variable for all eight columns is the conditional joint probability of default of the sovereign system given the joint default of all banks in a particular sovereign. The additional explanatory variables are defined as follows. The variable GFC dummy is a dummy variable equal to one if the period is from January 2008 to April 2009 and zero otherwise, SDC dummy is a dummy variable equal to one if the period is from January 2011 to July 2012 and zero otherwise, and SRISK is the average SRISK value of all banks within a particular sovereign. Columns (1) and (4) use the full sample of banks. Columns (2), (5), and (7) use banks from peripheral sovereigns while columns (3), (6), and (8) use banks from non-peripheral sovereigns. The sample period consists of monthly observations from 1 January 2008 to 28 June 2013. All columns use sovereign fixed effects; t-statistics are shown in parentheses; and the superscripts *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively. Figure 6 . Conditional joint probability of default of the banking system, given the joint default of all banks in a particular sovereign. Note: Panels (a), (b), and (c) present the conditional joint probability of default of the banking system, given the joint default of all banks in each sovereign (listed in the legend of each panel) in the core, peripheral, and non-EA sovereign systems, respectively. The banks and their home country are listed in Table 1 . The sample period for all panels is from 1 January 2008 to 31 December 2013. Figure 9 . Conditional joint probability of default of the sovereign system excluding Greece, given the default of a particular sovereign. Note: Panels (a), (b), and (c) present the conditional joint probability of default of the sovereign system excluding Greece, given the default of each sovereign in the core, peripheral, and non-EA sovereign systems, respectively. The sovereign that defaults is indicated in the legend of each panel. The sample period for all panels is from 1 January 2007 to 31 December 2013. Table 1 . The sample period for all panels is from 1 January 2008 to 31 December 2013.
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